Abstract-This paper presents a study to estimate future Health Index (HI) of transformer population based on Hidden Markov Model (HMM). In this paper, HI was represented as hidden state and the condition parameter factors in the HI algorithm namely Dissolved Gas Analysis Factor (DGAF), Oil Quality Analysis Factor (OQAF) and Furfural Analysis Factor (FAF) were represented as the observable states. A case study of 1130 oil samples from 373 oil-typed distribution transformers (33/11 kV and 30 MVA) were examined. First, the mean for HI in each year was computed and the transition probabilities for the condition data were obtained based on non-linear optimization technique. Next, the emission probabilities for each of the condition parameter factors were derived based on frequency of occurrence method. Subsequently, the future states probability distribution was computed based on the HMM prediction model and viterbi algorithm was applied to find the best optimal path sequence of HI for the respective observable condition. Finally, the predicted and computed HI were compared to the hypothesized distribution. Majority of the predicted HI agrees with computed HI. Predicted HI based on OQAF records the most accurate estimation throughout the sampling years. Inconsistencies are observed in year 2 and between year 7 and 10 for the predicted HI based on FAF. The predicted HI based on DGAF is in line with the computed HI during the first 2 years and deviates at the later stage of the sampling period.
INTRODUCTION
Transformers are among expensive assets in substations. Considering the continuous expansion of electrical networks, the aging of some equipment may result to sudden failure, hence could lead to the interruption on the overall power delivery to the customer. Due to that reason, many power utilities have started to embark in different types of initiatives to assess the actual performance of the transformers. This assessment is essential to provide economic and effective maintenance policies.
Nowadays, asset owners have adopted a mechanism known as Condition-Based Monitoring (CBM) to monitor the operational parameter characteristics and it can provide a comprehensive diagnosis on transformers health to prevent the recurrence of failures. Diagnosis and prognosis are two important elements in the framework of asset maintenance strategies [1] . Previously, it only focuses on the fault identifications [2] , later dedicates to evaluate the current health condition of the equipment as well as to predict its remaining useful life (RUL). An accurate prediction of the RUL could help to develop a more economical and effective maintenance policies.
Health Index (HI) is a common tool used for CBM purpose. It integrates all condition parameter data based on a single quantitative index to represent transformer overall health condition. This approach is useful to evaluate overall long-term deterioration level that may not possible to be identified by routine inspections and individual CBM techniques [3] , [4] . Besides, it also addresses the interaction between parameter characteristics and attributes of these techniques which are not considered in the conventional method.
Hidden Markov Model (HMM) is normally used in nontime variant statistical deterioration prediction modelling. It is commonly used in structure management [5] , pavement deterioration [6] , pipeline corrosion assessment [7] , manufacturing system [8] and rotating machinery [9] , [10] . HMM has also been utilized in weather forecast [11] and to determine health status management for space craft power system [12] .
In this study, HMM based on HI is proposed to model the future deterioration of a transformer population. In total, 1130 oil samples from 373 distribution transformers (33/11 kV and 30 MVA) are used for the case study. The age range for the transformer population is between 1 and 25 years. The first part of this study is on the modelling of future HI of transformer population based on HMM. The second part is on the application of HMM on the observable condition data.
The final part is on the analysis and comparison to the hypothesized distribution.
II. MODELLING OF TRANSFORMER POPULATION FUTURE DETERIORATION
In this paper, HMM based approach is used to predict the future deterioration of transformer population based on the observed condition in the Health Index (HI) formulation. Similar Markov Model framework for modelling transformer future deterioration as in [13] was used in this study.
The aim of this paper is to extend the modelling data stream which introduces additional semantic data variables, which is conditional on the hidden variables by inferring the posterior probabilities of the hidden state variables, given the observations. This method is motivated by the observed variables from respective analyses under this study for HI formulation.
The factor of individual condition data used to compute the Health index (HI) of the transformer population namely Dissolved Gas Analysis Factor (DGAF), Oil Quality Analysis Factor (OQAF) and Furfural Analysis Factor (FAF) were considered as observed conditions and was represented as the observed states. Whereas, HI was represented as hidden state in this model.
The factors were determined based on assigned scores and weighting factors for individual parameters. Next, the factors for dissolved gases, oil quality and furfural were computed using Equation (1) in [13] .
A. Hidden Markov Model
Future deterioration process of the transformer population was modelled based on discrete time stochastic processes approach for random variables known as HMM which can be seen in Fig. 1 . Each state was characterized by a transition probability set based on the first order Markov chain and by an emission probability distribution of observation conditions. Generally, a standard HMM has two types of states: the hidden and observable states. The underlying processes of both types of states are Markov chain processes.
The hidden state qt at time t cannot be observed and may take any element in the set of possible states, where is a given integer. The observable state at time can be observed and may take any element in the set of possible states, where is a given integer. Suppose that is an transition probability matrix for the hidden state at time given the hidden state at time , and is an emission probability matrix for the observable state at time given the hidden state at time .
A HMM consists of the hidden states, the observable states, the transition probability matrix , the emission probability matrix and the initial state probability distribution which are defined by Equations (1), (2) and (3).
(1)
Here aij is the probability for the hidden state at time given the hidden state at time and is the probability for the observable state at time given the hidden state at time . The probability also denotes by and by whenever appropriate. For convenience, HMM can be denoted as . The state sequence produces the set of observations . Thus, the probability of the given state sequence can be defined as in Equations (4), (5) and (6). (4) (5)
The transition probability matrix in Equation (7) describes the probability of transitioning hidden states within each time interval,
Where aij is equal to the probability of a condition parameter to move from state to state in one year. Note that or terms where is greater than . This imposes that the individual condition parameter cannot improve and transfer to its previous state.
In total, 2 assumptions were considered in this study for simplification of the model. First, the future condition model only considered normal distribution and monotonic. Next, the summation of probabilities in each row of HMM transition matrix was made equal to one.
Since this model only considers one state transition, thus only five aij terms were needed to define HMM transition matrix in this study as shown in Equation (8) . (8) The emission probability matrix in Equation (2) describes the probability of observable states within each time interval. The probability is derived using frequency of occurrence method.
The initial state probability distribution is set as [1 0 0 0 0].
B. Finding The Best Optimal Path
Given observations , the HMM state sequence with the greatest likelihood can be found using following Equations (9) and (10), (9) where, (10)
III. CASE STUDY

A. Application of Hidden Markov Chain Model to Transformer Condition Data
First, the average of HI from the oil samples were computed based on age and clustered into 5 zones as shown in Table 1 . Next, the hidden state transition probability matrices, were determined by minimization of the summation of the squared difference between the relative frequency in each year based on algorithm used in [13] . The corresponding transition matrices of HI for zone 1 and zone 2 are tabulated in Table 2 . Subsequently, the DGAF, OQAF and FAF were assigned with discrete states from 0 to 4 which represent good, acceptable, fair, poor and very poor. From these data, the observable conditions based on the hidden states group were computed according to frequency of occurrence method as seen in Fig. 2 . Consequently, the emmision probabilities for DGA, OQA and FA were derived based on the frequency of occurrence shown in Fig.2 and tabulated as in Table 3 . Subsequently, the future state probabilities were obtained and viterbi algorithm was applied to find the best optimal HI state sequence of HMM distribution based on Equation (9) and (10) utilizing the combination between emmision and transition probabilities. 
IV. RESULTS AND DISCUSSION
The comparison between computed and predicted HMM HI based on DGAF, OQAF and FAF observable condition data throughout the sampling period are shown in Fig. 4 , 5 and 6 respectively. Majority of predicted values based on OQAF conform with the computed values from the first year until 10 years. Deviations are observed in year 2 and 6 for predicted HI based on OQAF. In addition, discrepancies are also observed in year 2 and between year 7 and 10 for predicted HI based on FAF. On the contrary, the predicted HI based on DGAF is in line with the computed HI during the first 2 years only and starts to deviate after 2 years. 
V. CONCLUSION
It is found that only OQAF has majority of the predicted HI in line with the computed HI based on HMM. For FAF, only half of predicted HI conform with the computed HI. On the other hand, a major deviation between predicted and computed HI is observed for DGAF. Generally, the accuracy level of HI results based on HMM in this study can be further improved by ensuring more quality input condition data as well as to consider different hybrid model for future work.
